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Abstract: Effective thermal conductivity (ETC), as a necessary parameter in the thermal properties
of rock, is affected by the pore structure and the thermal conduction conditions. To evaluate the
effect of fractures and saturated fluids on sandstone’s thermal conductivity, we simulated thermal
conduction along three orthogonal (X, Y, and Z) directions under air- and water-saturated conditions
on reconstructed digital rocks with different fractures. The results show that the temperature
distribution is separated by the fracture. The significant difference between the thermal conductivities
of solid and fluid is the primary factor influencing the temperature distribution, and the thermal
conduction mainly depends on the solid phase. A nonlinear reduction of ETC is observed with
increasing fracture length and angle. Only when the values of the fracture length and angle are large,
a negative effect of fracture aperture on the ETC is apparent. Based on the partial least squares (PLS)
regression method, the fluid thermal conductivity shows the greatest positive influence on the ETC
value. The fracture length and angle are two other factors significantly influencing the ETC, while
the impact of fracture aperture may be ignored. We obtained a predictive equation of ETC which
considers the related parameters of digital rocks, including the fracture length, fracture aperture,
angle between the fracture and the heat flux direction, porosity, and the thermal conductivity of
saturated fluid.
Keywords: digital rock; effective thermal conductivity; fracture; sandstone; thermal
conduction simulation
1. Introduction
The thermal properties and temperature-dependent petrophysical properties of rock, such as
heat capacity, thermal conductivity, compressive strength, permeability, and porosity, are of great
importance in many fields of applied geosciences. For instance, the heat capacity of water and
the thermal conductivity of geothermal reservoir affect the thermal production directly [1–4]. Rock
permeability, which depends on temperature, is a key parameter in the underground storage of
radioactive nuclear waste [5,6]. Thermal oil recovery can increase the hydraulic conductivity of heavy
oil, thus improve the oil production [7,8].
The effective thermal conductivity (ETC) is an essential parameter to evaluate rock thermal
conduction during the operation of geological engineering. Many experimental, numerical, and
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analytical studies have been conducted to evaluate different factors that affect thermal conduction, the
leading factor of which is the rock structure (size, shape, and distribution of pores). Huai et al. [9]
reported that the spatial distribution of large pores had a substantive influence on ETC in fractal porous
media. Pia et al. [10] studied the effect of the pore size, geometric organization, and complexity of
porous media on the ETC. For fractured porous media, Miao et al. [11] derived the analytical solution
of the axial effective thermal conductivities of fractal porous media by considering porosities, fractal
dimensions, tortuosity fractal dimension, and fracture orientation effects. In addition to the pore
structure, the conditions of thermal conduction, such as temperature, pressure, and saturating fluids,
also affect ETC. The effect of temperature and pressure on rock ETC can be attributed to the varition of
pore structure [12–15]. Different kinds of fluid filled in the pore space and various saturation of fluid
also affect the thermal conduction ability of rock [16–18].
Many models have been developed to predict ETC of porous media [19,20], however, for a given
sample, various ETC values can be obtained with respect to the heat flux directions, especially in samples
with fractures. Zhou et al. [21] found that the fracture direction had a significant anisotropic effect on
axial and lateral ETC. Besides, directional development of the contact area and pore structure under
anisotropic stress conditions resulted in anisotropy of the thermal conductivity [22]. Askari et al. [23]
reported that granular media with rough grains exhibited apparent anisotropy in the ratio of the
directional thermal conductivities.
Digital rock as an advanced technology has been widely used in experiments and simulations of
porous media due to its digitalization and visualization advantages [24–26]. For instance, using X-ray
computed tomography, the real characterization of pore structures can be described accurately [27–29].
To solve the difficulty of experiments on tight rocks, the hydraulic conductivity can be calculated
based on digital rocks that are constructed from real rocks [30–33]. Using the reservoir static
properties obtained from digital rocks, automated fitting methods can predict the dynamic reservoir
properties [34,35]. Although flow properties have been widely evaluated, thermal properties based on
digital rocks are seldom studied [36–38].
As a kind of common sedimentary rock, sandstone exists extensively in geological settings.
Therefore, characterizing the thermal properties of sandstone digital rocks is essential to optimize the
production of fossil fuel and geothermal energy from underground formations [39,40]. Meanwhile, due
to anisotropy, the heat flux direction must be considered when studying the ETC of sandstone [14,41].
The effective evaluation of the influencing factors of ETC is still needed. In this paper, we carried out
thermal conduction simulations along three orthogonal (X, Y, and Z) directions based on water- and
air-saturated digital rocks with different fractures. The ETC results were analyzed for the effect of
saturated fluid and fracture parameters. Then, we used partial least squares (PLS) regression analysis
to evaluate the relationship between ETC and the related parameters, including fracture length and
aperture, angle between the fracture and the heat flux direction, porosity, and fluid thermal conductivity.
2. Model and Method
2.1. Thermal Conduction Model
The temperature gradient within an object leads to molecule collision and energy transfer, which
is the process that defines thermal conduction. At the steady state, the thermal conduction of a
homogeneous material can be described by Fourier’s law [42]:
→
ϕ = −λ→∇T (1)
where ϕ is the heat flux, λ is the thermal conductivity, and ∇T is the temperature difference.
The thermal conduction model applied in this paper imposes a constant heat flux between the
two opposing faces of the sample. The input and output temperatures are constant kept by a heating
resistor and cooling tank. The remaining sample faces are thermally insulated planes. When the
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temperature distribution of the sample is stable, the input and output heat fluxes are equal. Fourier’s







where ϕtotal is the total heat flux through the input surface (W/m2); Sin is the area of the input surface
(m2); λe is the ETC of the sample (W/(m ·K)); Tin and Tout are the input and output temperatures,
respectively (K); and L is the length of the sample (m). The ETC is determined by the thermal
conductivity of each phase in the sample.
Using this model, we performed thermal conduction simulations on digital rocks. In this study,
the inlet and outlet temperatures were 273 K and 298 K. Therefore, we ignored the thermal conductivity
changes in the matrix and pores due to the temperature increasing. We considered air and water
as the fluid phases to estimate the ETC. The thermal conductivities of air and water were assumed
as 0.026 and 0.6 W/(m · K), respectively. For the matrix, we assumed a thermal conductivity of
7.4 W/(m ·K) [43,44].
2.2. Reconstructed Digital Rocks with Different Fractures
The digital rocks with different fractures used in this paper were reconstructed from 2D thin section
images adding fractures with different lengths, apertures, and angles. Figure 1 shows a schematic
of how digital rocks with different fractures were obtained [45]. Firstly, based on 2D thin section
images, we reconstructed the digital rocks (original system, Figure 1a) by the Markov chain Monte
Carlo (MCMC) method [46,47]. To improve the simulation efficiency, we extracted a certain number of
pixels randomly from the original system to get a small digital rock (random system, Figure 1b). The
different fracture parameters were defined in the fracture system (Figure 1c), which had the same size
with the random system so that the fracture could be added into the digital rock easily. After that,
we integrated the random system and the fracture system together, and then the digital rocks with
different fractures (final system, Figure 1d) could be used in the thermal conduction simulation directly.
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having one fracture), resulting in fracture angles of 0°, 30°, and 45°; lengths from 5 pixels to 50 pixels; 
and apertures from 2 pixels to 5 pixels, as shown in Figure 3. 
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In this paper, the rando syste (50 × 50 × 50 voxels) is sho n in Figure 2a,b. The pore structure
para eters of this digital rock in Table 1 were obtained by pore network model [47,48]. The ETCs along
the X, Y, and Z directions were 2.64, 2.63, and 2.63 W/(m ·K), respectively. Figure 2c to Figure 2e
show the temperature distributions of three directions. We note that the ETCs from three orthogonal
directions are almost the same; in this case, we inferred the random system to be isotropic. We obtained
the fractured samples by adding fractures into this isotropic digital rock (every sample having one
fracture), resulting in fracture angles of 0◦, 30◦, and 45◦; lengths from 5 pixels to 50 pixels; and apertures
from 2 pixels to 5 pixels, as shown in Figure 3.
Energies 2019, 12, 2768 4 of 13
Energies 2019, 12, 2768 4 of 13 
 
Parameter Value 
Porosity (%) 31.43 
Effective porosity (%) 31.40 
Average pore radius (μm) 6.42 
Average throat length (μm) 191 
Average coordination number 7.23 
Average tortuosity 4.24 
      
  (a)                (b)                 (c)                 (d)                 (e) 
Figure 2. The extracted digital rock and the temperature distribution along three orthogonal heat flux 
directions: (a) The extracted digital rock of which the pore space is blue and the matrix is red. (b) The 
xy plane slice of extracted digital rock. The temperature distribution in (c) the xy plane with 
conduction along the X direction, (d) the xy plane with conduction along the Y direction, and (e) the 
xz plane with conduction along the Z direction. 
     
(a) 
     
(b) 
     
(c) 
Figure 3. Digital rocks with different fracture parameters. Digital rocks with (a) vertical fracture and 
tilted fractures at (b) 30° and (c) 45°. The vertical length of each fracture is from 5 pixels to 50 pixels 
and the aperture is from 2 pixels to 5 pixels. 
2.3. Partial least squares (PLS) regression analysis method 
When analyzing the relationship of multiple correlated variables, it is necessary to study the 
contribution of each independent variable to the dependent variables and better to obtain an accurate 
predictive equation. In addition to multiple linear regression analysis (MLR) based on the classical 
i re 2. The extracted digital rock and the te perature distrib tio alo g three ort al eat fl x
ir cti s: ( ) e extr ct i it l r c f ic t r s c is l t tri is r . ( )
lane slice of extracted digital rock. The temperatur distribution in (c) the xy plan with co duction
along the X direction, (d) the xy plane with conduction al g the Y direction, and (e) the xz plan with
conduction along the Z direction.
Table 1. The parameters of the extracted digital rock.
Parameter Value
Porosity (%) 31.43
Effective porosity (%) 31.40
Average pore radius (µm) 6.42
Average throat length (µm) 191
Average coordination number 7.23
Average tortuosity 4.24
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2.3. Partial Least Squares (PLS) Regression Analysis Method
When analyzing the relationship of multiple correlated variables, it is necessary to study the
contribution of each independent variable to the dependent variables and better to obtain an accurate
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predictive equation. In addition to multiple linear regression analysis (MLR) based on the classical
least squares criterion, the partial least squares (PLS) regression method has been developed in recent
years [49,50]. PLS regression provides a many-to-many linear regression model, especially when the
number of variables with multiple correlations is large. The PLS regression method can relate different
independent variables to describe the dependent variables by normalizing and combining features
from principal component analysis and multiple regression [51,52].
We simply introduce the PLS modeling procedure of the dependent variables (y1, y2, . . . , yp) and
the independent variables (x1, x2, . . . , xp). From the independent and dependent variables, we extract
the first components t1 and u1, which are the linear combinations of (x1, x2, . . . , xp) and (y1, y2, . . . , yp),
respectively, with the most variation in information, to ensure that u1 has the largest correlation with
t1. Then, we set up the regression between the dependent variables (y1, y2, . . . , yp) and t1 until we
obtain the expected accuracy. Then, the partial least squares regression equation can be obtained. The
detailed modeling procedures can be seen in [53,54].
3. Thermal Conduction Simulation on Reconstructed Digital Rocks
3.1. Temperature Distribution in Digital Rocks with Different Fractures
We simulated thermal conduction to evaluate the effect of the fracture parameters (length, aperture,
and angle) on the ETC. The digital rocks and their corresponding temperature distributions are shown
in Figure 4, Figure 5, and Figure 6 when the saturated fluid is air. From Figure 4c, Figure 5c, and
Figure 6c, we note that the temperature distribution is separated by the fractures. With incremented
fracture length, the thermal conduction is obstructed by the fractures gradually. As the difference
between the solid and fluid thermal conductivities is significant, compared to the matrix, the pore space
is almost not conductive [55]. Therefore, the fractures can disturb the temperature field in an obvious
way, especially when the fracture with a large length and aperture is vertical to the heat flux direction.
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3.2. ETC with Variable Saturated Fluid and Fracture Parameters
In order to study thermal anisotropy due to fractures, we calculated ETCs along the X, Y, and
Z directions. In this paper, the “angle” refers to the angle between the fracture and the heat flux
direction. Figure 7 shows how the ETC varies at different angles with respect to the fracture length
and aperture under air and water saturation. It is obvious that the ETC reduction in air-saturated
rocks is more apparent than that in water-saturated rocks with increasing fracture length, as shown
in Figure 7. In this study, the thermal conductivity ratios of the solid to water and air were 12.34
and 284.62, respectively. A previous study [55] reported that fluid thermal conduction could cross
pores effectively in porous media when the solid to fluid thermal conductivity ratio was less than 50.
Therefore, when the fluid is conductive (water saturated), the fracture’s negative effect on ETC is less
than that under nonconductive conditions (air saturated). Due to the significant difference between the
solid and fluid, the thermal conduction mainly depends on the solid [11].
For a given angle and aperture, we note the reduction of ETC with increasing fracture length, as
shown in Figure 7. However, the reduction degree is different at different ranges of length, causing the
decrease to be nonlinear. When the fracture length is less than 5 pixels, the slightly reduced ETC is
close to its initial value (for a digital rock without fracture, the fracture length is considered as 0 pixels).
For the length range of 5 pixels to 15 pixels, we can observe the decrease of ETC reduction gradient
clearly. As the fracture length increases continuously, a linear relationship between ETC and fracture
length can be noted. A sharp reduction of ETC occurs when the fracture nearly or completely go
through the digital rock at 45◦ (Figure 7c) and 90◦ (Figure 7e).
For the angle effect, when the heat flux is parallel to the fracture direction (Figure 7a), at the same
fracture length, the effect degree of different fracture apertures is almost consistent. Due to a slight
reduction in ETC, we note that the obstructive effect of the fracture can almost be ignored when the
fracture is parallel to the heat flux. Whereas with increasing angle, the fracture length affects the ETC
primarily [21]. When the direction of heat flux is vertical to the fracture (Figure 7e), as the length
increases, the fracture obstruct the heat greatly, especially from 45 pixels to 50 pixels. Besides, for
water-saturated conditions, due to the aperture increasing, the reduction gradient of ETC is almost the
same. When air-saturated conditions, different apertures result in different reduction degrees of ETC.
We note that the difference is significant between 2 pixels and 3 pixels when the angle is 30◦ (Figure 7b)
and 60◦ (Figure 7d). For 45◦ (Figure 7c), a sharper decrease is observed at the aperture size of 3 pixels.
However, when the aperture is 4 pixels or 5 pixels, the ETC difference is not obvious. Comparing the
three fracture parameters, we note that the effect of the aperture on ETC is not as important as that of
the fracture length and angle.
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Figure 7. Effective thermal conductivity as a function of racture length and aperture. The angles
betwe n thermal conduction and the fracture were (a) 0◦, (b) 30◦, (c) 45◦, (d) 60◦, and (e) 90◦.
4. Partial Least Squares Regression Analysis
According to the discussion above, ETC decreases with increasing fracture length, fracture
aperture, and angle. In addition, the thermal conductivity of the fluid also affects the ETC. However,
these parameters have different influence degrees on ETC. It is challenging to describe the relationship
between ETC and these parameters. Therefore, we used the partial least squares (PLS) regression
method to quantify the correlation between ETC and these parameters. We set the fracture length
and aperture, the angle between the heat flux and fracture direction, and the thermal conductivity of
the fluid as the independent variables. The porosity is a necessary parameter when describing rock
properties, and studies on the influence of porosity on ETC have been reported widely [56]. Therefore,
we also considered the effect of porosity on ETC and set it as an independent variable. The ETC of
digital rock is the dependent variable.
Using PLS regression analysis, we obtained the coefficients of the normalized regression equation
and plotted them in Figure 8 to compare the contributions of the parameters to ETC obtained from the
simulation results. We note that the fluid thermal conductivity is the only positive influencing factor
of ETC, while the others have negative effects. As the digital rocks are only set to be air and water
saturated, the fluid thermal conductivity has a strong influence on the ETC prediction. Except for the
fluid effect, we note that the length and angle of the fracture are the most important factors contributing
to the ETC, whereas the contribution of the aperture is negligible. In previous studies, the fracture
parameters discussed in ETC studies were mainly the length and aperture [11]. From Figure 8, we note
that the angle between the heat flux and fracture direction is an important parameter influencing ETC.
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Figure 8. The influence degrees of parameters in effective thermal conductivity (ETC) prediction from
partial least squares (PLS) analysis.
Based on the discussion in Chapter 3, we note the nonlinear relationship between the independent
and dependent variables. Because PLS regression is a linear regression method, we plotted the ETC
into the exponential coordinate system and then performed the PLS regression. The dimensionless
fitting equation of ETC we obtai ed is
eλe = 40.9908− 7.4505 · L f /LD − 22.0373 · b f /LD − 4.3717 · θpi/180− 69.4072 ·φ+ 29.6405 · λ f (3)
where λe is the effective thermal conductivity (W/(m ·K)); L f is the fracture length in pixels; LD is the
digital rock length in pixels; b f is the fracture aperture in pixels; θ is the direction angle between the
heat flux and fracture; φ is the porosity of the digital rock; and λ f is the thermal conductivity of the
saturated fluid (W/(m ·K)).
To evaluate the accuracy degree of Equation (3), we plotted the predictive and actual ETCs together
in the X and Y direction, respectively (Figure 9). When the scattered points are closer to t e linear
curve y = x, the accuracy of Equation (3) is better. We note that the fitting degree of the scattered
points and linear curve is 0.97, from which we conclude that the fitting equation is very suitable.
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5. Conclusions
To evaluate the effect of fractures and saturated fluids on ETC, we simulated thermal conduction
along three orthogonal (X, Y, and Z) directions under air- and water-saturated conditions on
reconstructed digital rocks with different fractures. We drew the following conclusions:
(1) In thermal conduction on digital rocks with different fractures, the temperature distribution
is separated by the fractures. The significant difference between the thermal conductivities of solid
and fluid is the primary reason for the temperature distribution, and the thermal conduction mainly
depends on the solid. As water has a higher thermal conductivity, the water-saturated digital rock is
more thermally conductive, and the fracture’s negative effect on ETC is less significant than that under
air-saturated conditions.
(2) Nonlinear reduction of ETC is noted with increasing fracture length and angle. At larger length
and angle, the smaller ETC is observed, while the effect of fracture aperture is not as important as that
of the fracture length and angle.
(3) Based on PLS regression analysis, the fluid thermal conductivity is the only positive and the
greatest influencing factor of ETC, while other factors have negative effects. The length and angle of
the fracture are the significant influencing factors on ETC, while the impact of aperture can almost
be ignored.
(4) A convincing prediction equation of ETC which considers related parameters of fractured
digital rocks, including the fracture length and aperture, angle between the fracture and the heat
flux direction, porosity, and the saturated fluid’s thermal conductivity, is obtained based on the PLS
regression method.
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